Abstract: This paper proposes a probabilistic model based on comovements and nonlinearities useful to assess the type of shock affecting each phase of the business cycle. By providing simultaneous inferences on the phases of real activity and inflation cycles, contractionary episodes are dated and categorized into demand, supply and mix recessions. The impact of shocks originated in the housing market over the business cycle is also assessed, finding that recessions are usually accompanied by housing deflationary pressures, while expansions are mainly influenced by housing demand shocks, with the only exception occurred during the period surrounding the "Great Recession," affected by expansionary housing supply shocks.
Introduction
The National Bureau of Economic Research defines the notion of business cycles as periodic but irregular up-and-down movements in economic activity, typically observed in macroeconomic indicators such as real GDP and Industrial Production. However, its Business Cycle Dating Committee does not enter into the causes of these recessions, which are traditionally assumed to come from two different sources. On the one hand, recessions that start on the supply side of the economy are known to be caused by supply shocks which typically affect production costs. On the other hand, recessions that start on the demand side of the economy are known as caused by demand shocks which affect economy-wide expenditure levels. To discriminate between these two sources of business cycle downturns, it is worth to emphasize that although both types of shocks cause decreases in actual economic activity, their effects on the price level is different.
In a seminal work, Blanchard and Quah (1989) investigate if the joint behavior of US real and nominal variables is consistent with the traditional interpretation of macroeconomic fluctuations, i.e. that aggregate demand (supply) shocks move output and prices in the same (opposite) direction, finding a qualified yes as an answer. In other words, while recessionary demand shocks tend to produce price declines, negative supply shocks tend to increase the price level.
Recently, Aruoba and Diebold (2010) examine the dynamic interactions between real activity and prices over the business cycle to extract information about the sources of the contractionary shocks. For this purpose, they propose two separate state-space linear dynamic-factor models and use the Kalman filter to produce optimal extractions of real and nominal activities. According to these authors the coherence of their respective movements and the business cycle chronology determined by the NBER are the key to assess whether the recessionary shocks are demand-or supply-driven.
Relying on the widely accepted view that recessions are caused by adverse shocks of different nature, with the corresponding mix varying substantially across recessions, Galí (1992) , Ireland (2010) and Forni and Gambetti (2010) , this paper proposes a multistate Markov-Switching Dynamic bi-Factor (MSDbF) approach that improves the methodology used in Aruoba and Diebold (2010) in two directions, which allow us to make inference on the type of aggregate shocks hitting the business cycle in order to uncover the sources of recessionary episodes.
First, although the authors examine the interactions between real activity and prices, they use separate dynamic factor models to compute the real and nominal indexes, without taking into account the potential interrelation between these two concepts. The model in this paper extends the previous approach by considering a unified framework where two separate factors are extracted from the same set of real and nominal indicators. Hence, both real and nominal indexes are endogenously determined and the interactions between the indicators and the factors are estimated without strong restrictions.
Second, although one of the defining characteristics of the business cycle is its asymmetric nature, Burns and Mitchell (1946) , the authors extract the factors from linear models. The proposed model in this paper accounts for nonlinearities by allowing the factors to be governed by two, potentially dependent, Markovswitching processes. Therefore, this proposal is a natural extension of the single-index Markov-switching dynamic factor model proposed in the late nineties by Kim and Yoo (1995) , Chauvet (1998) and Kim and Nelson (1998) , and recently used in the real time framework by , since it relaxes the restriction that all the indicators depend on a unique common nonlinear dynamics.
1 Accordingly, the algorithm used to estimate the model in this paper via maximum likelihood is extended to consider two factors that depend on two separate latent state variables, dealing with issues related to their dependence relation and the identification of the factors.
The multistate MSDbF model is applied to study the interrelation, first, between real activity and inflation cycles in order to assess the type of shock's contribution to the business cycle, and second, between real activity and housing price cycles in order to assess the impact of the shocks originated in the housing market on the business cycle. Moreover, inferences on the mix varying shock contribution across contractionary episodes suggest that recessions occurred in 1960. II-1961 II- .I and 2001 II- .I-2001 .IV can be categorized as "demand recessions," while the ones occurred in 1969. IV-1970 .IV, 1973 .IV-1975 .I and 1980 .I-1980 .III as "supply recessions." Furthermore, recessions during the periods 1981. III-1982 .IV and 1990 .III-1991 were given by similar amounts of both types of contractionary shocks, being named as "mix recessions." The "great recession," 2007. IV-2009 .II, which is of special interest, enters in the mix category, agreeing with Ireland (2010) who shows that this recession had its origins in a combination of aggregate demand and supply disturbances.
On the other hand, the model that incorporates housing information reveals that most of recessionary periods have been accompanied by deflationary pressures in the housing market, the only exception occurred in the 2001's recession, where housing prices experimented continuously increasing growth rates. The results also reveal that expansion periods have been mainly influenced by expansionary housing demand shocks, with the only exception occurred in the periods before and after the "great recession," where expansionary housing supply shocks were mostly influencing such business cycle phases, making this recession different than the rest of contractionary episodes in this respect.
The paper is structured as follows. Section 2, develops the algorithm to estimate the proposed multistate MSDbF model, which can be straightforwardly generalized to the case of K factors. Section 3 examines the empirical results by analyzing the dynamic interaction between real economic activity, inflation, and housing price cycles. Section 4 concludes.
The model

Model's dynamics
In this section, I combine the dynamic-factor and Markov-switching frameworks to create a statistical model capturing both regime shifts and comovements. Specifically, the log-level of each of the N economic indicators, y it , is modelled as composed of three stochastic autoregressive processes. The first component corresponds to the common factor among the real activity indicators, , b t f and refers to the business cycle conditions. The second component corresponds to the common factor among the nominal indicators, , p t f and refers to the underlying price evolution. Finally, the third component corresponds to the idiosyncratic dynamics, e it , and refers to the particular evolution of the time series. According to previous studies (see Aruoba and Diebold, 2010 , and references therein), a stochastic trend is not included in the dynamic factor based on assumption that each of the series studied are integrated but not cointegrated. Therefore, the empirical analysis is undertaken using the log of the first difference of the observable indicators p p µ µ > In these cases, the first coincident indicator is expected to exhibit high (usually positive) growth rates in expansions and low (usually negative) growth rates in recessions, while the second coincident indicator is expected to exhibit higher growth rates in inflationary regimes and low growth rates periods of price stability. In addition, each state variables is assumed to evolve according to a irreducible 2-state Markov chains whose transition probabilities are defined by 
where r = b, p, ψ t is the information set up to period t, and i, j, h = 0, 1. 
Estimation procedure
For estimation purpose, it is convenient to cast model into state space form. More compactly, the measurement equation is defined as
where y t is an N-vector that collects the observed indicators, and e t~i .i.d.N(0, R) . In addition, the expression for the transition equation is defined as 2 According to Camacho and Perez-Quiros (2007) , an AR(0) Markov-switching model, provides a useful model of the US quarterly output series, hence, I use k = 0 in the empirical application. In this case, the economic indicators are modelled as a recurrent sequences of shifts between two fixed equilibria of high and low growth means. that determine the evolution of the two factors were observable, then the system would be a linear Gaussian dynamic factor model and the standard Kalman filter combined with procedures based on the likelihood functions could be applied to obtain parameter estimates and the paths of the unobservable components. However, since the regimes are not directly observed, rather it must be inferred from the data, the usual Kalman filter cannot be employed. Instead, each iteration of the Kalman filter produces a fourfold increase in the number of cases to consider and approximations to the Kalman filter are unavoidable.
Based on the approximate maximum-likelihood estimation method of Kim (1994) , and Kim and Nelson (1999) , I propose an algorithm to estimate the nonlinear dynamic bi-factor model. Basically, the method contains three unified stages which are run in each iteration of the Kalman and Hamilton filters. In the first stage, the algorithm computes one-step-ahead predictions of the state vector and its associated mean squared error matrices by using as inputs the joint probabilities of the Markov-switching processes and the state vector. Adding a new set of observations, the Kalman filter updates the state vector and its mean squared errors and evaluates the likelihood function conditional on the bivariate Markov processes. In the second stage, the algorithm applies the Hamilton's (1989) filter which involves an evaluation of the likelihood function and updates the filtered probabilities. Accordingly, the likelihood function can be maximized with respect to the model parameters. In the third stage, the algorithm collapses the posteriors using the probability terms according to the Kim's (1994) , j p = 1, 2. Once a new set of observations is included, the algorithm computes the forecast error and its variance matrix that can be obtained as ( , , , ) (, , , )
In addition, the conditional likelihood of the observable variables can be evaluated as a by-product of the algorithm at each t, which allows estimation of the unknown model parameters. The likelihood function at each t is:
,
where the first terms of these products are the conditional Gaussian
and the second probability terms are computed in the next stage.
Stage 2:
The goal is to compute inferences about the different states by using Hamilton's nonlinear filter. Since the dependence relationship between the two Markov-switching variables is unknown, in order to model the joint probability events associated to the possible realizations of each unobserved state variable, I rely on the two polar cases of dependence. First, the completely independent case, in which the joint probability event is just the product of the individual probabilities.
Second, the completely dependent or perfect synchronization case, in which both Markov-switching variables follow exactly the same pattern, implying that there is just one state variable governing the whole model's dynamics, i.e.
.
Then, I follow the line of Bengoechea, Camacho and Perez-Quiros (2006) , who suggest that in empirical applications such degree of dependence should be located somewhere in between these two extreme possibilities. Hence, it can be seen as a linear combination between them, given by a parameter δ which provides insights about the degree of synchronization between the state variables and that satisfies 0 ≤ δ ≤ 1.
The terms on the right-hand side of equations (13) and (14) can easily be obtained by using the transition probabilities
where
Stage 3: Using the new set of observations at the end of time t, y t , the probability terms can be updated using Bayes rule
where 
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with r = b, p. The last step of the Kalman filter updates the inferences of the state vector and its variance matrix by using the updating equations ( , , , ) ( , , , )
It is worth noting that the algorithm calculates a battery of (2ˆ2)ˆ2 different inferences of the state vector and its mean square error matrix, corresponding to every possible value of the vector (i
This implies that after a few iterations the number of cases increases dramatically and the system become intractable.
To overcome this drawback, I extend the approximation to the filter suggested by Kim (1994) 
P
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Weights
The weights implicitly used by the Kalman Filter to perform factor estimates from the coincident variables can be calculated by measuring the effects of units changes in the lags of individual observations on the inference of the state vector β t|t . They are useful for identification purposes since they give insights regarding to which are the key variables governing the evolution of each factor. The weights can be obtained directly from the Kalman filter matrices β t , P t and f t . However, contrary to the standard linear frameworks, these matrices are in this case state dependent. Since the Kalman filter is linear when the unobservable states are known, the expected value of the Kalman matrices conditional on the state variables is computed following the line used in Markov-switching impulse responses, that is 2 2 ( , , , )
for Θ = β, P and f. According to Stock and Watson (1991) and Banbura and Rustler (2007) , the weights are now easy to compute. Plugging the expression of the forecast errors into the forecasting equation leads:
Then, replacing β t|t-1 in the right-hand side of the above equation by the prediction equation and denoting the Kalman gain by
, it can be obtained
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Since the matrix F in the transition equation of the state-space representation is time invariant, G t|t-1 converges to the steady-state Kalman gain, G. Under these conditions and with some algebra Equation (28) can also be expressed as:
where L denotes the lag-operator, J = (I-(I-GH)FL) -1 (I-GH), and the elements of the matrix of lag polynomial
G measure the effect of changes in y t on the inference of β t|t , which can be decomposed into the weighted sum of observations by letting M j be each of these matrices | 0
G , is the matrix that contains the cumulative impacts of the individual observations in the inference of the state vector, Camacho and Perez-Quiros (2010).
Ragged edges
The framework can also be extended to allow for missing observations in the data by following the approach in Mariano and Murasawa (2003) . It consists in replacing missing observations with random draws e t from a σ 2 (0, ) N e that are independent from the model parameters and do not impact on the model estimation. As a consequence, some of the system matrices would be time-varying, remaining the elements in the measurement equation being replaced by the following expressions: 
Data
This section presents the estimates of two multistate MSDbF models. The first model study the interrelation between real activity cycles and inflation cycles by relying on information of price dynamics of the overall economy. The second model focuses particularly on disentangling shocks originated in the housing market affecting business cycle phases, this is done by analyzing the interrelation between real activity cycles and housing price cycles. For all the indicators in logs, the standard tests for a unit root were unable to reject at standard significance levels. Accordingly, the empirical analysis uses the growth rates of the observable indicators.
5 Finally, the variables are standardized to have a zero mean and a variance equal to one before estimating the model.
Real activity versus inflation cycles
In the first model to be analyzed, the vector of observed variables, y t , contains all five indicators of real economic activity and all six indicators of inflation dynamics, which coincides with the database used in Aruoba and Diebold (2010) . Several features of the model's parameters estimates, reported in Table 1 , deserve attention. First, the loading factors of b t f that are associated to real activity and inflation indicators are positive and statistically significant, with the exception of GDP deflator and hourly compensation. However, the loading factors of b t f that are related to real activity indicators are much higher than those related to price indicators. This result indicates that the first factor can be interpreted as a coincident index of the US real economic activity. Second, the loading factors of p t f that are related to price indicators in the measurement equation are positive and statistically significant. 6 But, the loading factors of p t f that are related to real activity indicators are negative. These estimates suggest that the second factor can be interpreted as an inflation index. Note that although the indicators has not been a priory classified as real and nominal, the model assigns endogenously the indicators loads on each factor. Third, the degree of dependence between the phases of the two indexes given by δ, is equal to 0.32 and statistically significant at all levels. Since its interpretation refers to perfect synchronization when it is equal to one and total independence when it is equal to zero, it suggests that US business cycles and inflation cycles coincide approximately 30% of the time.
Moreover, as it was pointed out in Section 2, the weights that variables have on each factor help us to analyze further the extent to which indicators loads on each factor. These weights were computed, indicating that real activity variables have the 68% of the weight on the first factor dynamics, while price indicators have the 67% of the weight on the second factor. This result reinforces the interpretation of the first factor as an index of economic activity and the second factor as an index of inflation dynamics.
According to the results of the previous section, each of the eleven economic indicators is decomposed into two unobserved common dynamic factors plus an idiosyncratic component. The first factor is mainly driven by all five real activity indicators while the second factor is governed by the evolution of all six price indicators.
The top chart of Figure 1 depicts the business cycle dynamics the first factor. While it fluctuates around its unconditional mean, the broad changes of direction in the factor seem to mark quite well the NBER-referenced business cycles. During expansions, the value of the factor rises up to about its estimated first-state mean of 0.46. During recessions, the factor drastically falls to its second-state mean of about -3.05. In addition, the figure also reveals the strong coherence of the first factor and the Chicago Fed National Activity Index (CFNAI) which is a leading index designed to gauge overall US economic activity. 7 Finally, the bottom chart of Figure 1 displays the filtered probabilities of being in state 2 that come from the state variable that governs the evolution of the first factor of the multistate MSDbF model, ( 2| ), 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 Chart 2. Filtered probabilities of low mean state 7 To convert the monthly CFNAI into quarterly observations, the index is expressed as weighted averages along with the NBER recessions. According to this figure, it is easy to interpret state 2 as recessions and the series plotted in this chart as probabilities of being in recession. Therefore, one can interpret this factor an index of the broad economic activity which is much less noisy than the individual economic indicators. The top chart of Figure 2 plots the second factor revealing that its evolution does not follow as closely as the first factor the business cycle dynamics. This index takes negative values in the sixties, it sharply increases to during the seventies and mid-eighties and come back to negative values since then. According to the estimates of the conditional means of the state variable that governs the evolution of the second factor reported in Table 1 , the first and last part of the sample is governed by state 1 (estimated mean of state 1 is 3.02) while the middle part of the sample is governed by state 2 (estimated mean of state 1 is -0.35). The chart also points out that the evolution of the second factor and PCEPI (Personal Consumption Expenditure Price Index) growth strongly cohere. Finally, the bottom chart of Figure 2 displays the filtered probabilities of being in state 1 that come from the state variable that governs the evolution of the second factor, ( 2| ), 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 Figure 2 along with the high inflation periods referenced by the Chicago Fed. According to this figure, one can interpret state 1 as periods of high inflationary pressures and the second factor as a price index.
Inferences on shocks
It is now widely accepted that fluctuations in economic activity are caused by a mix of several types of shocks, e.g. demand, supply, monetary or fiscal, as shown in Forni and Gambetti (2010) or technology and nontechnology shocks, Galí (1999) , which can have simultaneous or lagged, soft or strong, short or long, positive or negative impact. Some seminal attempts to study the effects of some of these shocks using structural VARs are presented in Blanchard and Quah (1989) in which disturbances that have a temporary effect and the ones that have a permanent effect on output fluctuations are interpreted as demand and supply disturbances respectively. This work was extended by Galí (1992) to allow the inclusion of monetary components, finding that the four main sources of fluctuations are money supply, money demand, investment, and aggregate supply shocks. However, there is some criticism about the identification strategy of shocks when structural VARs are used, as can be seen in Lippi and Reichlin (1993) . They show that a very simple modification of the underlying model can lead to significant changes in results. The main point of their criticism is based on the fact that economic theory does not in general provide sufficient structure to choose the most appropriate moving-average representation to estimate the structural VAR model, carrying to the dilemma of fundamentalness of the representation to be issued, Blanchard and Quah (1993) . Hence alternative ways to identify shocks without imposing strong restrictions on the structure of the model and without loss of economic intuition could be useful to complement such analyses.
Two of the most relevant types of shocks are aggregate demand and aggregate supply shocks since their features are of great importance to the study of business cycles. As suggested by Aruoba and Diebold (2010) , prices and quantities are related over the business cycle, and the nature of this relationship contains information about the sources of shocks. While adverse demand shocks lead to periods of business cycle downturns and low inflation, adverse supply shocks lead to reductions in economic activity along with inflationary pressures. In an analogous way, expansionary demand shocks lead to increases of economic activity along with prices, but expansionary supply shocks lead to periods of business cycle upturns and low inflation.
The proposed multistate MSDbF model allows to perform inference on the four types of shocks since the probabilities of recession, ( 2| ),
can be additively decomposed into the probability of a recession consistent with an adverse demand shock, ( 2, 2| ),
and the probability of a recession consistent with a contractionary supply shock, ( 2, 1| ).
The same criterion applies for periods of expansions, that is
The top panel of Figure 3 plots the probabilities of recessions that are caused by demand shocks, i.e. probabilities of the joint event that characterizes periods of low activity and low prices. The figure shows that this probability tends to raise during the whole periods of the recessions 1960. II-1961 II- .I and 2001 II- .I-2001 .IV, consistent with the view that these recessions are caused by adverse demand shocks. The bottom panel of Figure 3 shows the joint filtered probabilities of stagflation, i.e. low activity and high prices. This figure reveals that recessions in 1969. IV-1970 .IV, 1973 .IV-1975 .I and 1980 .I-1980 .III show high probabilities of decreased real activity and increased inflation, consistent with adverse supply shocks as the source of these recessions. Moreover, the recessions occurred during the periods 1981. III-1982 .IV and 1990 .III-1991 showing high probability of contractionary supply shocks, but they finish showing high probability of contractionary demand shocks. This is consistent with the view that they were caused by a mix of aggregate supply and demand shocks.
The analysis of the "great recession" is of special interest. According to Aruoba and Diebold (2010) , in this recession inflation falls later than real activity, plunging only in summer 2008, whereas real activity begins its descent in 2007. This agrees with the high values of ( 2, 1| )
observed at the beginning of this recession in the bottom panel of Figure 3 . However, inflation follows the falls occurred in real activity within approximately 6 months, leading to the sharp increases on the joint probability of low real activity and prices, ( 2, 2| ),
during the third quarter of 2008 plotted in the top panel of Figure 3 . This positive comovement of real activity and inflation during the recent recession is consistent with the adverse demand shock documented by these authors. Finally, since the end of 2008 prices start to increase while real activity was still falling, as can be seen with the high values of ( 2, 1| )
during the last part of the "great recession," suggesting that it is consistent with a mix of contractionary supply and demand shocks.
Regarding the expansionary phases, top panel of Figure 4 plots the probability of high real activity and high prices, ( 1, 1| ),
showing that some expansionary periods occurred in the 1970s and early 80s were caused by expansionary demand shocks. However, during the rest of expansionary periods in the sample, the probability of high real activity and low prices, ( 1, 2| ), 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 Figure 3 Real activity versus inflation: contractionary shocks. Notes: Chart 1 plots the joint filtered probabilities of low economic activity and low prices. Chart 2 plots the joint filtered probabilities of low economic activity and high prices. Shaded areas correspond to recessions as documented by the NBER. 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 Figure 4 Real activity versus inflation: expansionary shocks. Notes: Chart 1 plots the joint filtered probabilities of high economic activity and high prices. Chart 2 plots the joint filtered probabilities of high economic activity and low prices. Shaded areas correspond to recessions as documented by the NBER.
of Figure 4 , remains high, indicating that the main source of these expansions are positive supply shocks. This result agrees with Galí (1992) , who attributes a large estimate of the contribution of supply factors to short-run GNP fluctuations. Finally, the proposed model allows quantifying the contribution of each type of shock on the phases of the US business cycle by averaging the filtered probabilities of the joint events through each NBER-referenced recession periods. In order to obtain a better picture of the results described so far, Table 2 reports such contributions, calculated as
where supply τ α and demand τ α denote the contribution of aggregate supply and demand shocks, respectively, to the recession occurred during the period τ.
The results reported in Table 2 support the heterogeneity of recessions showing a substantial mix of shocks varying across recessions and agreeing with Galí (1992) , Forni and Gambetti (2010) and Ireland (2010) . Specifically, contraction periods 1960. II-1961 II- .I and 2001 II- .I-2001 .IV can be categorized as Demand recessions, while 1969. IV-1970 .IV, 1973 .IV-1975 .I and 1980 .I-1980 .III as Supply recessions. Moreover, contractions during 1981. III-1982 .IV and 1990 .III-1991 .I can be referred as Mix recessions, since the contribution of one of the average shocks type, supply or demand, is less than or equal to 70%.
8 Regarding the 2007.IV-2009.II recession, two-thirds of the whole period were influenced by negative supply shocks, the beginning and the end, while one-third was caused by negative demand shocks. As a result the "great recession" enters in the mix category.
Previous studies provide evidence that when an economy faces supply-driven recessions, such contractionary episodes are usually companied by increases in oil prices. Also, when the opposite occurs and the economy faces a demand-driven recession, credit conditions usually become tighter. In order to assess the validity of such statements, the top chart of Figure 5 plots the inferences on contractionary demand shocks, computed with the multistate MSDbF model, along with the National Financial Conditions Credit (NFCC) Index, computed by the Chicago Fed, and the bottom chart of the same figure plots the inferences on contractionary supply shocks along with the Spot oil prices.
Focusing first on the "great recession" ( .IV-2009 .II) at the beginning of the recession the inferences computed from the model suggest that contractionary supply shocks are the ones prevailing, that is consistent with the increase in oil price, reaching growth rates higher than 20%, while at the same time, credit conditions were "average" according to the NFCC index. 9 In the middle of such recession, there is a significant drop in oil prices, reaching growth rates around -50%, while credit conditions reach the tightest position occurred in the last two decades, this is consistent with the computed inferences of contractionary demand shock, which rise up to one during that period. Finally, the last part of the contractionary episode is characterized by a drop in credit conditions and a rise in oil prices, this coincides with a high probability of contractionary supply shocks computed from the multistate MSDbF model.
The whole 2001's recession period is accompanied by a drop in oil prices and, although slightly, tighter credit conditions, this coincides with the high probability of contractionary demand shocks. During the 1990's recession, there is a temporary rise in oil price at the beginning, followed by an increase in credit conditions, consistent with a Mix recession, which starts with the supply side and ends with the demand side. This consistency with the contractionary demand or supply shocks and oil prices or credit conditions can be seen also in the previous recessions providing validity of the model's assignments on the sources of contractionary episodes. 1976 1980 1984 1988 1992 1996 2000 2004 2008 1976 1980 1984 1988 1992 1996 2000 2004 2008 NFCI Credit Cont. Demand shock Figure 5 Contractionary demand versus contractionary supply shocks. Notes: Chart 1 plots the National Financial Conditions Credit Index, thick black line, and inferences on contractionary demand shocks, thin red line. Chart 2 plots Spot oil price, thick black line, and inferences on contractionary supply shocks, thin red line. Shaded areas correspond to NBER recessions.
Real activity versus housing price cycles
Particular interest has been placed in the evolution of housing market prices for the US economy. Most of related studies focus on analyzing housing price movements across US states, extracting regional and national components to assess the monetary policy effects on each of them, as in Del Negro and Otrok (2007) and Ng and Moench (2011) , among others. However, those studies do not directly assess the relationship between the evolution of housing prices and the phases of the business cycle.
The second model implemented in this paper focuses on studying the interaction between real economic activity and housing price cycles in order to assess the impact of shocks originated in the housing market on the business cycle. For this purpose, in this model the vector of observed variables, y t , contain all five real economic activity indicators and all five housing price indicators. Model's parameters estimates reported in f associated to real activity indicators are of low magnitude, most of them are not statistically significant, with the exception of real GDP, but loadings associated to housing price indicators are all positive and most of them statistically significant, in particular the two indicators obtained from the Federal Housing Finance Agency are the ones showing higher influence an the factor, giving to p t f an interpretation of housing price factor. It is worth noting that the degree of dependence between the latent variable governing real activity and housing prices cycles equals to 0.38 showing a higher interdependence than in the case of real activity and inflation cycles.
The first factor extracted with the multistate MSDbF model is plotted in the top chart of Figure 6 , showing high similarity with the dynamics of the CFNAI and hence indicating that it can be interpreted as a real activity factor. Its corresponding probabilities of low mean, plotted in the bottom chart of Figure 6 , closely track NBER recession, taking the interpretation of recession probabilities.
The second factor is plotted in the top chart of Figure 7 , along with the National Composite Home Price Index (NCHPI), which is based on the Cash-Shiller methodology, covering not only information about some cities, but about the overall national US economy. Although data of NCHPI starts in 1987, the figure shows strong comovement between both series, which lead to the interpretation of the second factor as a housing price factor. It experiments increasing growth rates during the 90's and the early 2000's, followed by a deep and prolonged drop until the end of the sample. An interesting feature of the housing price factor is that during the 70's and 80's its dynamics are closely related to the business cycle. This is confirmed with its Note: Superindexes p and b refer to the first (or business cycle) and the second (or housing prices) factors. Subindexes in the loadings, γ, from1 to 10 refer to real GDP (1), Industrial Production (2), Personal Income less Net Transfers (3), Real Manufacturing Trading Sales (4), Total Nonfarm Labor (5), Price deflator index of new single-family houses under construction (6), Conventional Mortgage Home Price Index (7), FHFA All-transactions Prices (8), FHFA Purchase-only Index (9), S&P CaseShiller-10-cities Home Price Index (10). 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 Chart 2. Filtered probabilities of low mean state associated probabilities of low mean, plotted in the bottom panel of Figure 7 , which follow a close relationship with the NBER recessions. Therefore, these probabilities can be interpreted as an indicator of deflationary pressures in the housing market, which are especially present during and after the "great recession."
Inferences on housing shocks
The probabilities of recession attached to the real activity factor can be additively decomposed in order to disentangle contractionary episodes which are accompanied by deflationary pressures in the housing market, low prices, from recessionary periods accompanied by high prices. By relying on the results obtained in the real activity versus inflation model in Section 3.2 and taking into account that housing prices correspond to a particular set of information contained in the economy's inflation dynamics, the decomposed probabilities obtained from the real activity versus housing price model can give insights on the impact of contractionary or expansionary shocks originated in the housing market over the business cycle. The top chart of Figure 8 plots the joint probability of low real economic activity and low housing prices, i.e. inferences on contractionary housing demand shocks, and the bottom chart of the same figure plots the probability of low real economic activity and high housing prices, i.e. contractionary housing supply shocks. The results show that recessionary periods are usually accompanied by deflationary pressures in the housing market, while expansionary periods are mainly influenced by expansionary housing demand shocks. Specifically, during the first half of the 1980's recession, contractionary demand shocks originated in the housing market were mainly influencing such period, while during the second half, contractionary housing supply shocks were the ones prevailing.
The scenario during the 1981's recession is different, since almost the entire recession period was influenced by contractionary housing demand shocks. A somewhat similar situation occurs during the 1990's recession, which is entirely influenced by the demand side of the housing market. In the next recession, 2001's, the scenario is actually the opposite to the previous one, since this is the only recession, in the sample, which is not accompanied by deflationary pressures in the housing market, this is consistent with the increasing growth rates that the housing factor experimented during the early 2000's. Finally, the contribution of the housing market shocks to the "great recession" is well-defined, since such period is mainly characterized by a deep and prolonged drop in the housing price factor, which agrees with the high probability of contractionary housing demand shocks. There is just a sudden and short increase in housing prices, which is represented by the spike in the probabilities of supply shocks occurred almost at the end of the recession.
Regarding periods of expansions, in the top and bottom charts of Figure 9 are plotted the probabilities of expansionary housing demand shocks, i.e. high real activity and high housing prices, and expansionary housing supply shocks, i.e. high real activity and low housing prices, respectively. The figure clearly shows that almost all expansion periods have been free of deflationary pressures in the housing market, as can be seen in the top chart. The only exception occurs during the period surrounding the "great recession," as can be seen in the bottom chart. These results suggest that the importance of shocks originated in the housing market have played a fundamental role in the fall and the recovery from such recession, making it different than the rest of contractionary episodes, in the sample, in this respect.
The average contribution of the type of housing shock affecting the business cycle are quantified and reported in Table 4 , showing that all expansionary periods come from the supply side, with the exception of the one after the "great recession," and that contractionary periods have been more influenced by the Figure 9 Real activity versus housing price: expansionary shocks. Notes: Chart 1 plots the joint filtered probabilities of high economic activity and high housing prices. Chart 2 plots the joint filtered probabilities of high economic activity and low housing prices. Shaded areas correspond to recessions as documented by the NBER. housing demand side, with the exception of the 2001's recession, and the 1980's recession, which was almost equally influenced by the demand and supply side of the housing market.
Conclusions
By using the proposed multistate Markov-Switching Dynamic bi-Factor model, the interrelation between real activity and inflation cycles is assessed, providing a useful tool to infer economic recessions and periods of high inflation simultaneously. Relying on such inferences, the framework is able to categorize NBER contractionary episodes into demand, supply and mix recessions by quantifying the type of shock contribution to each period of time, finding the "great recession" in the mix category, since it is initially affected by supply, followed by demand, and finally again by supply contractionary shocks. Moreover, by incorporating data of housing prices in the proposed model, it is assessed the impact of shocks originated in the housing market over the business cycle. The results show that recessionary periods are usually accompanied by deflationary pressures in the housing market, while expansions are mainly influenced by expansionary housing demand shocks, with only a notorious exception occurred during the period surrounding the "great recession" showing that housing market shocks have played a fundamental role in the fall and the recovery from such recessionary episode.
